ABSTRACT Heterogeneous multi-attribute group decision-making (MAGDM), which is an extension of the MAGDM problems, deals with heterogeneous information formats. In this paper, a new method is proposed for heterogeneous MAGDM in which five kinds of information formats, involving intuitionistic fuzzy sets, triangular intuitionistic fuzzy numbers, trapezoidal intuitionistic fuzzy numbers, intervals, and real numbers, are used to represent the assessments of alternatives, the attribute weight information is incomplete and the decision-makers' weights are unknown. First, based on preference ranking organization method for enrichment evaluation (PROMETHEE), the net flows of alternatives are obtained. The attribute weights are determined reasonably through constructing a multi-objective program which is transformed into a single objective program to resolve. A conversion formula is defined to transform the net flows into the individual priorities. Then, the complete fuzzy preference relation for each DM is generated. The group priorities of alternatives are derived by a fuzzy linear programming (FLP) model. Therefore, an effect index is defined to obtain the weights of DMs, which can be used to adjust the group priorities. The ranking order of alternatives is derived by the adjusted group priority. Therefore, a new PROMETHEE-FLP method is put forward for heterogeneous MAGDM. Finally, a bank recruitment case is analyzed to demonstrate the effectiveness and application of the proposed method.
I. INTRODUCTION
Multiple attribute decision making (MADM) method is widely used to choose the most compromise solution from all feasible alternatives assessed on multiple attributes. However, using only one format of information [1] - [6] to describe different aspects of the problem is far from enough. In fact, multiple different types of evaluation information usually coexist in practical decision making problems [7] - [11] . Meanwhile, since the knowledge structures, experience, judgment and evaluation methods differ from man to man, more than one decision maker (DM) are involved in the process to improve the accuracy of the decision [12] - [15] . Hence, research on heterogeneous multiple attribute group decision making (MAGDM) problems with different information formats, like real numbers, intuitionistic fuzzy sets (IFSs) [17] , triangular intuitionistic fuzzy numbers (TIFNs), trapezoidal fuzzy numbers (TrFNs), triangular fuzzy numbers (TFNs), intervals and real numbers, seems to be complex and necessary, which has drawn increasing attention of lots of scholars [12] - [16] .
Currently, the studies on heterogeneous MAGDM have made some progresses. These progresses can be roughly divided into two classes. The first class is the methods without considering the fuzzy truth degrees of alternatives' comparisons. For example, Herrera et al. [1] discussed how to manage non-homogenous information in group decision making. Li et al. [2] addressed the heterogeneous MAGDM problems with multi-granularity linguistic labels, fuzzy numbers, intervals and real numbers. They determined the weights of the attributes and the DMs by two non-linear programming models, and ranked the alternatives based on the measure of closeness to the positive ideal solution. Yu et al. [3] developed a method based on preference degrees for handling hybrid MADM problem. The second class is the methods considering the fuzzy truth degrees of alternatives' comparisons. For example, Li and Wan [7] developed a fuzzy linear programming approach to heterogeneous MADM problems with incomplete weight information. Li and Wan [12] studied the heterogeneous MADM for outsourcing provider selection. Wan and Dong [14] extended the Linear Programming Technique for Multidimensional Analysis of Preference (LINMAP) [18) for heterogeneous MAGDM. Wan and Li [8] developed a fuzzy LINMAP approach to heterogeneous MADM considering comparisons of alternatives with hesitation degrees. Wan and Li [13] put forward a new Atanassov's intuitionistic fuzzy programming method for solving MADM with heterogeneous information formats involving IFSs, TrFNs, intervals and real numbers. The ranking order of alternatives is obtained by Borda's scores. Considering the interval-valued intuitionistic fuzzy truth degrees of alternatives' comparisons, Wan and Li [10] proposed a fuzzy mathematical programming approach to heterogeneous MADM. Wan and Dong [14] further investigated an interval-valued intuitionistic fuzzy mathematical programming method for hybrid multi-criteria group decision making with interval-valued intuitionistic fuzzy truth degrees. Wan et al. [15] developed a hesitant fuzzy mathematical programming method for hybrid multi-criteria group decision making with hesitant fuzzy truth degrees. Wan et al. [16] put forward a Pythagorean fuzzy mathematical programming method for MAGDM with Pythagorean fuzzy truth degrees.
Preference Ranking Organization Method for Enrichment Evaluaion (PROMETHEE) method was developed by Brans and Vincke (1985) [19] to solve MADM problems through comparing each pair of alternatives for each attributes. The PROMETHEE method is a multi-criteria decision aid system that permits the building of an outranking between different alternatives. The information requested by PROMETHEE is particularly clear and easy to define for both decisionmakers and analysts. It consists in a preference function associated to each criterion as well as weights describing their relative importance. Literature review reveals that existing research mainly focuses on extending LINMAP to solve heterogeneous MAGDM. However, there is no investigation on how to apply PROMETHEE for heterogeneous MAGDM. To overcome this shortage, we propose a new PROMETHEE-fuzzy linear programming (PROMETHEE-FLPM) method for solving the heterogeneous MAGDM problems with incomplete weight information in which the information formats are represented as real numbers, intervals, IFSs, TIFNs [20] - [28] and TrIFNs [29] - [33] . The main motivations of this paper are outlined as follows:
(1) The heterogeneous information considered in this paper includes real numbers, intervals, IFSs, TIFNs and TrIFNs. Although most of existing research [1] - [3] , [7] - [16] studed the heterogeneous MADM or MAGDM problems, there is no research involving TIFNs and TrIFNs. In fact, TIFNs and TrIFNs are more flexible and useful than IFSs in dealing with ill-known quantities in decision data [20] - [33] . Thus, incorporating TIFNs and TrIFNs into the heterogeneous MAGDM is of great importance for scientific research and real applications, which is the biggest motivation of this paper. (2) Most of prior research [7] - [16] employed the idea of LINMAP to solve heterogeneous MAGDM. These achievements failed to consider the advantages of PROMETHEE method. The PROMETHEE method can build an outranking between different alternatives through comparing each pair of alternatives for each attributes. The information requested by PROMETHEE is particularly clear and easy to define for both decision-makers and analysts. Taking these advantages into account, this paper intends to utilize PROMETHEE to solve heterogeneous MAGDM.
The main contributions and features of this paper are summarized as follows:
(1) This paper firstly combines the PROMETHEE method with fuzzy linear program to solve the heterogeneous MAGDM. It provides for us with a new perspective to study the heterogeneous MAGDM problems. (2) Propose a new method to determine the attribute weights. Through maximizing the sum of differences of net flows between each two alternatives, a multiobjective program is constructed and transformed into a single objective program. Thus, the attribute weights are determined reasonably. (3) With the net flows obtained by the PROMETHEE, a conversion formula is defined to transform them into the individual priorities. According to the characteristic of the additive reciprocal fuzzy preference relations (FPRs), we can easily get the complete FPR for each DM. (4) The group priorities of alternatives are derived by a fuzzy linear programming model. Thereby, an effect index is defined to obtain the weights of the DMs, which can be used to make an adjustment to the group priorities. Thus, the ranking order of alternatives can be generated by the adjusted group priorities.
The rest of this paper is organized as follows. In Section II, some definitions and distances of IFSs and TrIFNs are briefly reviewed. Section III describes the heterogeneous MAGDM problems with incomplete weight information and gives the normalization methods. In section IV, a new PROMETHEE-FLPM method is proposed for solving heterogeneous MAGDM problems. An application in a bank recruitment case and comparison analyses are given in Section V. The conclusions are made in Section VI.
II. PRELIMINARIES
In this section, some basic concepts on IFSs [17] and TrIFNs [29] - [33] are introduced as well as their distances. The comparisons between two fuzzy numbers are given. VOLUME 6, 2018
A. INTUITIONISTIC FUZZY SETS AND DISTANCES
Let U = {u 1 , u 2 , · · · , u m } be a finite universe of discourse. An IFS A in U is an object denoted by A =
are respectively the degrees of membership of degree and non-membership of an element u i ∈ U to the set A ⊆ U so that they satisfy the condition: 0
, which is called the intuitionistic index of an element u i in A [17] .
Then, we give stipulations [17] :
To calculate the distance between two IFSs, the weight of element u i ∈ U should be considered. Assume that each element u i ∈ U is allocated to a given weight w i , where
between IFSs A and B can be defined as follows:
In particular, if q = 
B. TRAPEZOIDAL INTUITIONISTIC FUZZY NUMBERS AND DISTANCES
As a special IFS on the set R of real numbers, the membership function and non-membership function of a TrIFÑ m = (m 1 , m 2 , m 3 , m 4 ); wm, um can be respectively defined as [29] - [33] :
and ; wm, um andñ = (n 1 , n 2 , n 3 , n 4 ); wñ, uñ be two TrIFNs. Then, to calculate the distance between them, the vertex method is used as follows:
Eq. (2) is an effective and simple way to calculate the distance between two TrIFNs. What's more, if and only if m 1 = n 1 , m 2 = n 2 , m 3 = n 3 and m 4 = n 4 , the distance measurement d(m,ñ) = 0.
C. COMPARISONS BETWEEN FUZZY NUMBERS
Ifm =< µm, νm > is an IFS, then the score function S(m) and accuracy function H (m) are defined as follows:
is an interval, then the half width S(m) and mean H (m) are:
Ifm = (l, m 1 , r); wm, um is a TIFN, then the membership function average index S(m) and the non-membership function average index H (m) are defined as [20] :
Similarly, ifm = (l, m 1 , m 2 , r); wm, um is a TrIFN, the membership function average index S(m) and the nonmembership function average index S(m) are calculated as:
The order relationships between any two fuzzy number,m andñ, are stipulated as:
(1) if S(m) > S(ñ), thenm is bigger thanñ, denoted bỹ m >ñ;
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, thenm is indifferent toñ, denoted bym =ñ.
III. HETEROGENEOUS MAGDM PROBLEMS AND NORMALIZATION METHODS
This section first describes the heterogeneous MAGDM problems and then gives the normalization methods.
A. DESCRIPTION FOR THE HETEROGENEOUS MAGDM PROBLEMS
Suppose that s DMs
And F is divided into five subsets
, in which attribute values are expressed with real numbers, IFSs, intervals, TIFNs and TrIFNs respectively.
where ∅ is an empty set. The value y h ij means the evaluation value of an alternative x j over attribute
can be elicited to describe the heterogeneous MAGDM problems.
To make a reasonable decision, the attribute weights should be taken into account. Suppose that ω i is the relative weight of attribute f i , then the attribute weight vector
T satisfies the normalization condition:
Usually a sufficiently small positive number ε is given to ensure that each weight is not smaller than it. Then, the weight set could
Generally, the weight information structures can be expressed in five basic relations i (i = 1, 2, · · · , 5) among attribute weight set 0 [7] - [16] . Denote the incomplete preference information structure of attribute weights by , which may consist of these several subsets
The heterogeneous MAGDM problem considered in this paper is to select the best alternative from the alternative set based on the fuzzy decision matrices A h (h = 1, 2, · · · , s) and the incomplete preference information structure of attribute weights.
B. NORMALIZATION METHODS
In order to ensure the compatibility between the values of all attributes, the fuzzy (or non-fuzzy) values of all attributes should be normalized. In this paper, real numbers, intervals, TIFNs and TrIFNs are required to be normalized so as to be in the unit interval [0, 1]. Since the attribute values for the attribute set F 2 are represented by IFSs, and the membership degrees and non-membership degree are all in the unit interval [0, 1] already, these values r h ij = y h ij = µ h ij , ν h ij (i ∈ F 2 ) need not to be normalized. In addition, all normalized data in this paper are so that the larger the normalized value the better the alternative whether the attribute is benefit or cost. There are many different normalization methods [7] - [16] . Different methods may result in diverse final decision results. Here we choose the normalization methods as follows:
For rating y h ij = z h ij (f i ∈ F 1 ), according to benefit attributes and cost attributes, the normalized values r h ij = z h ij can be computed as follows:
Similarly, for rating
can be computed as follows:
If
, the normalized values could be as follows (8) , as shown at the top of the next page:
If any element is bigger than 1, it would be set to be 1. Due to 0 ≤ w h ij ≤ 1 and 0 ≤ u h ij ≤ 1, the membership degree w h ij and non-membership degree u h ij need not to be normalized. If w h ij = 1 and u h ij = 0, y h ij is degenerated into a TFN y h ij = (l h ij , q h ij , r h ij ), and the normalization method is still appropriate.
The ratings
can be normalized as follows (9) , as shown at the top of the next page:
If any element is bigger than 1, it would be set to be 1. The membership degree w h ij and non-membership degree VOLUME 6, 2018
u h ij need not to be normalized for 0 ≤ w h ij ≤ 1 and 0
, and the normalization method is also applicative.
By ( , where
IV. A NEW FUZZY PROMETHEE-FLP METHOD FOR HETEROGENEOUS MAGDM
This section aims to develop a new fuzzy PROMETHEE-FLP method for heterogeneous MAGDM.
A. COMPUTE THE NET FLOW BASED ON PROMETHEE
There are two requirements to implement the PROMETHEE method [19] : (i) Information of weights of attributes; (ii) Preference functions. The preference function of two particular alternatives x j and x k over attribute f i given by DM D h can be defined as:
where p h i (x j , x k ) is the preference indicator expressing the degree to which x j is better than x k over attribute f i , assessed by the distance of these two alternatives over attribute f i .
Using the attribute weight vector ω = (ω 1 , ω 2 , · · · , ω m ) T , a weighted preference indicator of x j to x k can be expressed
Then with all the alternatives compared to x j , An entering flow Φ h+ j and a leaving flow Φ h− j can be obtained as follows:
The entering flow Φ h+ j predicts how 'good' alternative x j is in the opinion of DM D h , which with the higher value means the better. On the other hand, the leaving flow Φ h− j shows how 'inferior' alternative x j is, which with the lower value is better.
In PROMETHEE method, a net flow Φ h j is used to show how an alternative x j is superior to the others in considering of its inferiority in the view of DM D h as follows:
With the net flow Φ h j , DM D h can make a ranking more persuasive than just using either the entering flow or the leaving flow.
Remark 1: Considering the heterogeneous information, the comparisons x h ji > x h ki and x h ji < x h ki of (10) for various fuzzy numbers are given in subsection II.C. 
B. DETERMINATION OF ATTRIBUTE WEIGHTS
To calculate the value of net flow, the attribute weights must first be solved. In what follows, a new linear goal programming method is put forward to determine the attribute weights.
For DM D h , to make the difference between any two alternatives x t and x j more obvious, we define the objective function as the sum of differences of net flows between each two alternatives x t and x j (t, j = 1, 2, · · · , n; t = j) as follows:
To achieve this goal, a multi-objective programming model is built as follows:
By the equal weight summation method, Eq. (16) is transformed into a single objective programming model as follows:
Using (13)- (16), the above single objective programming model can be rewritten as
By solving (17) , the attribute weight vector ω can be obtained reasonably.
C. DETERMINATION OF ATTRIBUTE WEIGHTS
Zhu and Xu [34] proposed a new fuzzy linear programming method for GDM with additive reciprocal fuzzy preference relations (FPRs), through which the individual priorities, the DM's weight and the group priority could be gotten step by step. Inspired by Zhu and Xu [34] , we utilize the net flow Φ h j to calculate the individual priority and then obtain the FPR for each DM. A linear programming model is constructed to derive the group priority and an effect index is defined to calculate the DMs' weights.
1) FUZZY PREFERENCE RELATION
A FPR U h = (u h ij ) n×n for DM D h on the alternative set X = {x 1 , x 2 , · · · , x n } is represented by a fuzzy set on the product set X × X , which is characterized by a membership function
means there is no difference between x i and x j (x i ∼ x j ). As usual, U h satisfies the additive reciprocity property: 
it can be called an additively consistent FPR. The additively consistent FPR can be obtained by the priority vector of the alternatives. Assume a priority vector
Remark 2: Zhu and Xu [34] directly gave the additive FPRs for GDM, whereas this paper constructs the additive FPRs through the priority vector (21)). This is the most difference between Zhu and Xu [34] and this paper.
2) INDIVIDUAL PRIORITY AND GROUP PRIORITY
By the PROMETHEE method, we can get the final net flow Φ h j which can be converted into individual priority ϕ h j by a conversion formula defined as
where
Let ϕ = (ϕ 1 , ϕ 2 , · · · , ϕ n ) be the group priority vector, which should be consistent with most of the DMs. According to (21) , a deviation degree is introduced as
The closer L h ij (ϕ) is to zero, the better the consistency is. If L h ij (ϕ) = 0, then the preference relation of DM D h is the same as the group preference. Consequently, we construct a linear membership function m h ij (ϕ) to describe the satisfaction degree as follows:
where d h ≥ 0 is a deviation parameter and can be used to characterize the preference of DM D h . The smaller the value of d h is, the more important the DM D h is. Let m h ij (ϕ) be the membership function on the (n − 1)-dimensional simplex:
The overall satisfaction degree to the group priority vector ϕ = (ϕ 1 , ϕ 2 , · · · , ϕ j ) can be defined as a membership function:
To get the highest satisfaction degree, we can maximize m(ϕ) as follows:
Since the membership function m(ϕ) is a convex set defined as the intersection of the convex membership functions m h ij (ϕ) (i, j = 1, 2, · · · , n; h = 1, 2, · · · , s), there always exists at least one priority vector ϕ = (ϕ 1 , ϕ 2 , · · · , ϕ n ) on Q n−1 , which has the maximum degree of membership. (26) can be rewritten as follows: (27) With (23) and (25) , and the limiting condition n j=1 ϕ j = 1, a max-min optimization problem could be constructed as follows (28) , as shown at the top of the next page:
Solving this model, we can get the group priority vector ϕ = (ϕ 1 , ϕ 2 , · · · , ϕ n ). To guarantee positive values of the group priorities, we get the normalized group priorities ϕ j (j = 1, 2, · · · , n):
where min{ϕ i } = min{ϕ 1 , ϕ 2 , · · · , ϕ n }.
3) DERIVING THE DMs' WEIGHTS
The determination of the DMs' weights is an essential topic. Motivated by Pang and Liang [35] , Zhu and Xu [34] defined an effect index to determine the DMs' weights. 
Similarly, for the group priority, there always exists the same relation. The dominance class of x j with U h (h = 1, 2, · · · , s) can be denoted as [x j ] ≥ = {x i ∈ X |ϕ i ≥ ϕ j }, and the family set of dominance classes with U
≥ . Therefore, in the GDM, the effect index of DM D h is defined as
where the symbol | · | means the cardinality of the set. It is clear that C h satisfies 0 < C h ≤ 1. The closer C h is to 0, the less effective DM D h is. On the contrary, the closer C h to 1, the more effective DM D h is. The DM D h with larger effect index plays a more important role in the group. Consequently, the weight of the DM D h can be defined as
4) RELATION BETWEEN THE DMs' WEIGHTS AND DEVIATION PARAMETERS
As the deviation parameter d h can be used to characterize the preference provided by different DMs, there exists a relationship between d h and the weight of DM D h . The smaller the value of d h , the bigger the value of v h , which can be described by a basic unit-interval monotonic (BUM) function for simplicity. Given a basic BUM function defined as f :
The relationship between d h and v h can be defined as (see Zhu and Xu [34] ):
Assume a deviation parameterd as the average value of 
Using d h to replace d h in (28), the adjusted normalized group priorities can be generated by (30) .
D. A NEW PROMETHEE-FLPM METHOD FOR HETEROGENEOUS MAGDM
On the basis of the above analysis, a new PROMETHEE-FLP method is proposed for heterogeneous MAGDM problems. A step by step procedure is summarized below.
Step 1: Form the alternative set and identify the evaluation attributes.
Step 2: Elicit the fuzzy decision matrices A h and normalize them into the decision matrices R h (h = 1, 2, · · · , s) by (6)- (9) .
Step 3: Solve the single objective program Eq. (17) to determine the attribute weight vector ω.
Step 4: Calculate the net flow Φ h j (j = 1, 2, · · · , n; h = 1, 2, · · · , s) and obtain the individual FPRs U h (h = 1, 2, · · · , s) by (21) .
Step 5: Equal all the values of d h (h = 1, 2, · · · , s) and then get the primary normalized group priorities by using (28) and (30) .
Step 6: Compute the DMs' weights v h (h = 1, 2, · · · , s) based on the obtained group priorities.
Step 7: Calculate the adjusted deviation parameters d h (h = 1, 2, · · · , s) by (33) .
Step 8: Generate the adjusted normalized group priorities employing (28) and (30) on the basis of the adjusted parameters d h (h = 1, 2, · · · , s) and then rank the alternatives.
V. A BANK RECRUITMENT CASE ANALYSIS AND COMPARISON
In this section, a real bank recruitment case is analyzed to demonstrate the application of the proposed method of this paper. Meanwhile, a comparative analysis is conducted to illustrate the superiorities of the proposed method.
A. A BANK RECRUITMENT CASE
Nowadays, the competition between banks, coming from both banking and non-banking world, is becoming fiercer. Hence, commercial banks need to continuously carry out business and management innovation to improve its customer service level and competition ability. Information technology (IT) plays a decisive role in the development of modern banks, as it can provide substantial support to the development of modern bank in the field of customer relationship management, asset liability management, performance and value management, risk management and so on. So it is needed to increase investment in the IT. Banks should not only invest in the IT outsourcing to get the appropriate service project, but also improve their IT departments by choosing a number of potential and technical employees.
The proposed decision making method is applied to a recruitment of a bank in Nanchang city of China who is preparing to expand its human resource of IT department. In the recruitment, there are five candidates x 1 , x 2 , x 3 , x 4 and x 5 , applying for the position. For the fair, the interview panel consists of five DMs: bank president D 1 , two vice presidents D 2 and D 3 , minister of HR department D 4 and minister of IT department D 5 . As IT department is a special department which involves both banking business and information technology, the advice of DM D 5 is as important as the other DMs. Therefore, we give the DMs the same priority coefficient which will be used in the calculation of attribute weights. To evaluate every candidate more properly, there are seven attributes including age f 1 , experience f 2 , adaptability f 3 , appearance and behavior f 4 , comprehensive quality f 5 , professional knowledge f 6 , and communication skills f 7 .
Among these attributes, age f 1 is a specific number can be represented by real numbers. However, age f 1 is neither benefit attribute nor cost attribute. So after the discussion, the DMs decide to use different matching functions n h (t) (h = 1, 2, · · · , 5) to convert it to be a benefit attribute -age suitability, to describe the effect of age. As the experience can be evaluated by time, it is better to use intervals to represent the experience f 2 . The assessment for adaptability f 3 is divided into two parts: satisfaction degree and dissatisfaction degree, which just consist of the membership and non-membership degrees of IFS. The assessment for appearance and behavior f 4 and comprehensive quality f 5 can be represented by TFNs and TIFNs respectively. To make a detailed description of one's professional knowledge and his communication skills, the assessment for f 6 and f 7 can be represented by TrFNs and TrIFNs respectively.
The age set the five candidates are T = {25, 31, 34, 27, 24}. For the DMs D h (h = 1, 2, · · · , 5), the matching functions are n 1 (t) = 144 − (t − 30) 2 , n 2 (t) = 64 − (t − 28) 2 , n 3 (t) = 144 − (t − 30) 2 , n 4 (t) = 144 − (t − 30) 2 , and n 5 (t) = 169 − (t − 33) 2 (t ∈ T ). These matching functions, n 1 (t), n 3 (t) and n 4 (t), mean that for D 1 , D 3 and D 4 , 30 is the optimal age, and that the candidates, who is younger than 18 or older than 42, will be not suitable at all. Similarly, for D 2 , age between 20 and 36 will be acceptable, and the appropriate age is 28. D 5 thinks the one who is 33 years old fits the position better than others, and his acceptable age interval will be [20, 46] . The data and ratings of all candidates on seven attributes are given by five DMs as follows the equation can be derived, as shown at the bottom of next page:
The preference information structure of attribute weights given by DMs is given as:
Steps 1-2 are omitted.
Step 3: Solving (17), the attribute weights are derived as ω 1 = 0.1, ω 2 = 0.25, ω 3 = 0.15, ω 4 = 0.11, ω 5 = 0.1, ω 6 = 0.16 and ω 7 = 0.12, and the net flows of each alternative for each DM are obtained and listed in Table 1 .
From Table 1 , the ranking order of the five candidates is Step 4: The individual priorities are obtained based on the net flows shown in Table 2 .
Then, we can obtain the complete and consistent FPRs of five DMs as follows: (5, 7, 8, 9) ; 0.7, 0.2 (8.5, 8.7, 9.3, 10) ; 0.5, 0.2, (7.8, 8.9, 9.4, 9.9); 0.6, 0.2, (5.7, 7.9, 8.7, 9.4); 0.7, 0.2 x 2 x 4 x 5 x 1 .
Step 6 By (32) , the DMs' weights are obtained as:
Step 7: With the settingsd = 1 and f (x) = x, and by (33), the adjusted deviation parameters are derived as
Step 8: Based on the adjusted deviation parameters and (28), the adjusted normalized group priorities are generated as ϕ = (ϕ 1 , ϕ 2 , ϕ 3 , ϕ 4 , ϕ 5 ) = (0. 1953, 0.2018, 0.2091, 0.1974, 0.1964) . Therefore, the ranking order of the five candidates is x 3 x 2 x 4 x 5 x 1 . The candidate x 3 is the best selection.
B. DISCUSSION ON THE VALIDITY OF THE PROPOSED METHOD
To evaluate the relative performance of the multicriteria decision making (MCDM), three testing criteria were proposed by Wang and Triantaphyllou [36] as follows:
Test Criterion 1: An effective MCDM method should not change the indication of the best alternative on replacing a non-optimal alternative by another worse alternative without changing the relative importance of each decision criterion.
Test Criterion 2: An effective MCDM method should follow the transitive property.
Test Criterion 3: When a MCDM problem is decomposed into smaller problems and the same MCDM method is applied on smaller problems to rank alternatives, combined ranking of alternatives should be identical to the original ranking of un-decomposed problem.
In the following, the above test criteria are used to test the validity of the proposed method.
1) VALIDITY TEST OF THE RESULTS OBTAINED BY THE PROPOSED METHOD UNDER CRITERION 1
In order to test the validity of the results obtained by the proposed method using test Criterion 1, alternative x 2 , a nonoptimal alternative, is replaced by the worse alternative x 2 shown in Table 3 .
The criteria weight obtained by the original numerical data is also used in this modified MAGDM problem to remain the relative importance of criteria unchanged. Following the steps of the proposed method, the adjusted normalized group priorities are generated as ϕ = (ϕ 1 , ϕ 2 , ϕ 3 , ϕ 4 , ϕ 5 ) = (0.1933, 0.2005, 0.2121, 0.1951, 0.1948) . Therefore, the ranking order of the five candidates is x 3 x 2 x 4 x 5 x 1 . The best alternative for the modified MAGDM problem is still x 3 , which is the same as that for the original problem. Thus, the proposed method does not change the indication of the best alternative when a non-optimal alternative is replaced by another worse alternative. For other non-optimal alternatives, such as x 4 and x 5 , the same conclusion holds. Hence, the proposed MAGDM method is valid under test Criterion 1.
2) VALIDITY TEST OF THE RESULTS OBTAINED BY THE PROPOSED METHOD UNDER CRITERIA 2 AND 3
In order to test the validity of the results obtained by the proposed method using test criteria 2 and 3, original MAGDM problem is decomposed into two sets of smaller MAGDM problems {x 1 , x 2 , x 3 } and {x 4 , x 5 }, respectively. Employing the same steps of the proposed method, corresponding rankings are respectively generated as x 3 x 2 x 1 and x 4 x 5 for the two sub-problems.
Combining the rankings of the two sub-problems, the final ranking is in accordance with the original ranking of undecomposed MAGDM problem and meets the transitivity. If the original MAGDM problem is decomposed into other two sub-problems, the same conclusion holds. Thus, the obtained results are valid under test Criteria 2 and 3.
C. COMPARISON ANALYSIS WITH YU et al.'s METHOD
As stated in Introduction, Yu et al. [3] developed a method based on preference degrees for handling hybrid MADM problems. By contrast, this paper puts forward a new PROMETHEE-FLP method for heterogeneous MAGDM. Because of the similarity of addressed heterogeneous decision making problems in Yu et al. [3] and this paper, in this subsection, we compare Yu et al.'s method with the proposed method of this paper. Since single DM is considered in Yu et al. [3] , we only consider the decision matrix given by D 1 . Using Yu et al.'s method, the ranking of the alternatives is generated as x 2 x 4 x 3 x 1 x 5 , and the best one is x 2 , which is not the same as the best one x 3 from ranking x 3 x 2 x 4 x 1 x 5 obtained by the method proposed in this paper. and cannot be used for MAGDM problems. On the contrary, the method proposed in this paper with multiple decision makers can aggregate all DMs' opinions. Even for one DM, it can also be used to make decision for MADM problems. Therefore, the proposed method has wider range of application than Yu et al.'s method.
VI. CONCLUSION
In this paper, we proposed a new fuzzy PROMETHEE-FLP method to effectively solve the MAGDM problems with heterogeneous information formats involving real numbers, IFSs, intervals, TIFNs and TrIFNs, and incomplete weight information. Based on the net flow of PROMETHEE method, the attribute weights are determined through constructing a multi-objective programming model which is transformed into a single objective program to resolve. Transforming the net flows into individual priorities by a defined conversion formula, additive reciprocal FPRs are obtained and used to derive the primary group priorities by the constructed FLP model. Then the DMs' weights are calculated using the defined effect index. The ranking order of alternatives is generated by the adjusted group priorities. Finally, a bank recruitment example analysis verifies the feasibility and effectiveness of the proposed method of this paper.
Compared with the classical PROMETHEE, the proposed method utilizes different formats to describe the attribute assessment information, determines the attribute weights objectively, and generates the ranking order of alternatives by the group priorities. In contrast with the GDM with FPRs, the proposed method can evaluate all the alternatives with heterogeneous information formats, and get the more fair individual preference relations by PROMETHEE. There is no need to consider that the FPRs are complete or incomplete. Hence, the proposed method integrates the advantages of both PROMETHEE and GDM with FPRs, provides a new perspective for solving heterogeneous MAGDM problems. However, the proposed method neglects the fuzzy truth degrees of comparisons of pair-wise alternatives. The future work is to extend the proposed method to heterogeneous MAGDM problems with the fuzzy truth degrees of comparisons of pairwise alternatives. 
